The combination of consumption data from expenditure surveys with information contained in IO tables is a crucial step to structural change analysis. Herrendorf et al. (2013) focus the attention on applying a consistent definition of commodities on both the household and production sides -i.e. estimation of utility and production functions-when connecting models with data in any multisector general equilibrium model. The point of departure of these analyses consist, basically, on connecting the information on consumption made by households with the final demand vector (or matrix) present in the IO tables, which is then conveniently modified to produce the multipliers of interest. This process requires the construction of a concordance or bridge matrix to make this connection possible, since several issues affect the combination of these two data sources: differences in price valuation between consumption surveys and IO tables, the influence of taxes and margins or the different product classifications between these two frameworks make this combination a challenge for the researcher.
Introduction
determined structural change, defined as the reallocation of economic activity across the three broad sectors -i.e. agriculture, manufacturing and services-, as one of the six stylized facts of economic growth and development. As economies develop behaviour of sectoral aggregate variables, such value added or growth rate, changes: agriculture diminishes, manufacturing increases and then diminishes, and services increases.
Recent literature has analysed the driving forces that determines structural change. There are two theoretical mechanisms that links the sector specific household expenditure structure across sectors to structural change. On the one hand, structural change is driven by income effects that are generated by non-homothetic preferences when income changes but relative prices remains the same; in this case, technological progress is assumed to be uniform across all sectors (Kongsamut et al., 2001 ). On the other hand, structural change is driven only by changes in relative prices and necessarily technological progress among sectors is different (Baumol, 1967; Nagai and Pissarides, 2007) . Although empirical evidence shows that both income and relative prices changed over the past, there remains no consensus about the relative importance of the two main determinants as drivers of structural change.
Whereas Herrendorf et al. (2015) analysed the importance of differential rates of technological progress among the three consumption sectors, Herrendorf et al. (2013) focused on the preference side of structural change -i.e. they analysed the relative importance of both changes in income and changes in relative prices in the households' consumption bundles as a source of structural change-showing which preference specification should be used in applied work on structural change. Under the so-called consumption value-added approach changes in income are less important than changes in relative prices being a homothetic Leontief utility function the specification that provides a good fit to the US time series data . Alternatively, a non-homothetic StoneGary utility function provides a better result under the so-called final consumption expenditure approach since changes in income rather than changes in relative prices are the dominant force behind changes in expenditures shares. This result not only provides an estimation of the utility functions and asses the implications for the determinants of the structural change, but also contributes to clarify an essential ambiguity about how to define commodities when the research needs to link a multisector general equilibrium model to the empirical data.
i At this point the attention focuses on applying a consistent definition of commodities on both the household side when we estimate utility functions -i.e. preferences specification-and the production side when we estimate production functions -i.e. technology specification-. Whereas in multisector models the sector classification is the same no matter which agent is using or producing them -i.e. the three broad sectors agriculture, manufacturing and services are the same for the consumption and production side-, the data show a different reality.
In national accounts both activities -consumption and production-are classified following different criteria and generally recorded in different data sources. On the one hand, following the System of National Accounts (SNA) commodities purchased and consumed by households are classified attending at the purpose or function of such commodity. This is known as the Classification of individual consumption by purpose (COICOP). On the other hand, the classification of the production of such commodities follows the so-called International standard industrial classification of all economic activities (ISIC).
ii That is household buy a medicine, but do not directly buy a chemical product produced by the chemical industry. In the particular case of USA both classification are the New personal consumption expenditures (NPCE) iii by function and the North American industry classification system (NAIC).
iv Regarding data sources, consumption data commonly come from national household income and expenditure surveys, whereas production data come from the input-output (IO) benchmark of the national accounts.
In addition to this different classification generally there are other differences that worth to be mentioned. First, in sector models each sector produces only one product, whereas in data sectors produce more than one product. Second, production data is in basic prices -or producer's prices in USA-, whereas consumption data is in purchaser's prices. Third, production data provides information about the total supply of commodities in the economy distinguishing domestic production and imports; however, consumption data only informs about total expenditure without distinguishing which share of imports is consumed. Finally, when working with final consumption expenditure time series data, final consumption quantities should be measured using chain-weighted indices. All together makes the construction of multisector models from data far to be an obvious task. The proper connection may have significant effects not only on the analysis of structural change but also in the comparison across studies.
The process to solve this challenge requires the construction of a concordance or bridge matrix to make this connection possible. However, national bridge matrices are not available for all countries or only partial information is offered it the best cases. Therefore, the bridge matrix should be estimated, which it is a challenge for the researcher taking into account all the issues affect the combination of these two data sources mentioned above. Herrendorf et al. (2013) is one of the first studies that become aware of the importance of the consistency between sector models and data within modern economic literature focused on structural change literature. They constructed final expenditure in producer's prices -removing distribution cost-, linked consumption expenditures to value added -using the total requirement matrix and the industry-by-commodity total requirement matrix-, and obtained final consumption quantities -applying chain-weighted indices-. In addition, they approximated the connection between final consumption expenditure data and consumption value added data. However, the specific intricate inputoutput relationships between both data structures remains an unsolved challenge.
The proper specification of these relationships -the so-called bridge matrix-is an important issue since they implicitly translate part of the income effects that dominate with final consumption expenditure into relative prices effects that are much more important with consumption value-added, and vice versa. In other words, the bridge matrix represents a technology that combines intermediate goods (produced by industrial sectors) to final goods that are consumed by households. The intrinsic characteristics of this technology differ from the traditional technology matrix that represent the combination of intermediate input, labour and capital to produce intermediate inputs. In that sense we called the technology represented by the bridge matrix "technology of the preferences".
In this paper we explore this challenge with a twofold purpose: (i) to investigate how important a "good" or "bad" conciliation of our consumption data between consumption data -i.e. household income and expenditure surveys-and production data -i.e. IO tables-affect our results in terms of the so-called total requirement matrix or impact analysis; and (ii) to propose a conciliation technique between both data structure, which using only minimal information provides a systematic way or reconciling them if detailed data are not at hand. This technique is based on entropy econometrics and it allows making statistical inference on the bridge matrix estimated. Both research objectives are illustrated by means of numerical simulation and by its application to real-world cases.
Pursuing these objective, this paper offers two contributions. First, we contribute to the structural change literature by providing an assessment of the importance of the correct specification of the bridge matrix. Second, we provide a technique that allows to obtain such bridge matrix when the necessary detailed data is not available.
An outline of the paper follows. In the next section we explore the role played by the bridge matrix on the estimation of the total requirement matrix or impact analysis. In section 3 we study the importance of the correct specification of the elements of the bridge matrix. Section 4 explores the possibilities of estimating the elements of the bridge matrix when only partial or minimal information is available for the researcher. Section 5 concludes.
Linking expenditure and production data: expenditure surveys and IO tables
On this section we explore the role played by the bridge matrix ( , hereafter) on the estimation of impacts of final private consumption on a multisector model as the inputoutput model. Obviously, all the conclusions can be easily applied to the total requirement matrix used by Herrendorf et al. (2013) in their analysis of structural change. Our point of departure is a matrix with dimensions ( × ), being the number of industries in the IO table that will be the base of our model and the number of product categories that can be identified on a household consumption survey. In practical terms, is usually set by a CPC classification while is determined following the COICOP coding. A typical cell of matrix , , measures how much of the private consumption in product should be attributed to industry i. Consequently, is formed by columns that sum up to one (i.e., ∑ =1 = 1; = 1, . . ) and it can be interpreted as a matrix describing the technology that relates the consumption patterns of the household with the production of the industries.
Defining as the ( × 1) vector of final private consumption for the different p products considered on the household surveys, and the ( × 1) vector of private consumption included in the IO tables -as part of the final demand vector for a model with industries considered-, we can write:
; i.e., the aggregate final consumption in the economy is the same across types of consumption products or across industries.
=
(1)
This equation can be easily connected with the standard quantity input-output model:
Being the ( × ) matrix of technical coefficients, the identity matrix of a proper dimension, the ( × 1) vector of output per industry, and the so-called total requirement matrix (Herrendorf et al., 2013) or inverse Leontief matrix. The output generated by the private final consumption ( ) can be written as:
Equation ¡Error! No se encuentra el origen de la referencia. explains how changes in the private consumption , as we have it classified on household surveys, are transformed into changes in the output at the industry level at the industry classification we have in our input-output model. Impact analysis of changes in consumption patterns is usually conducted by applying the following stages:
1. plausible levels of under a scenario of interest are assumed or estimated.
2. values on are converted into values on . This step requires the specification of a matrix in order to apply equation ¡Error! No se encuentra el origen de la referencia.. 3. a vector of industry output derived from the new consumption levels are calculated by applying equation ¡Error! No se encuentra el origen de la referencia..
When conducting this type of impact analysis, input-output researchers usually pay most of their attention to having accurate estimates of the elements of the inverse Leontief matrix . The availability of IO tables in order to derive the cells on and matrices is often considered as the crucial step in the empirical analysis. Little attention is, on the contrary, paid to the specification of matrix : most of the empirical studies that estimate impacts of private consumption by applying an IO model do not provide details on the explicit or implicit specification of . The concordance between the classification observable on the household consumption surveys and the industry classification is usually an ad-hoc process based on the "subjective" similarity that the researcher can detect between both classifications. This problem is mainly caused by the absence of a regular series of "objective" matrices estimated by the statistical agencies. With some exceptions, the statistical agencies that publish the IO benchmark on a regular basis do not make available the bridge matrices that the researcher would require to perform impact analysis of consumption changes. Researchers could base on some qualitative mapping at a very disaggregated level 2 but, even so, the usual level of aggregation on which consumption data are reported on expenditure surveys does not allow for a perfect identification of the industries to which consumption levels should be assigned. In other words, the researcher could know that the expenditure on product should be attributed to the production of industries and , but in absence of an official matrix, proportions and cannot be exactly known but somehow arbitrarily set. The following section attempts to measure the consequences of the specification on the elements of when this matrix is not available.
How important is B? A numerical experiment
This section explore the role played by the specification of the elements on impact studies of consumption by an input-output model. In order to do that, we depart from an observable and assumed as "true" matrix that links expenditure data on household surveys with the vector of final private consumption on an input-output model by means of equation (1). In particular, we set our matrix from the data published by Statistics Denmark on IO data for 2015, which releases a matrix that relates consumption data for 41 types of products following the COICOP classification (p) with the 68 industries (n) contained in the IO benchmark.
3 More specifically, we focus our interest on the data linking household consumption only with Danish production. 4 The figures on this matrix have been conveniently scaled to sum up to one by column. Since , and are observable, the estimation of the output generated by the final private consumption in the Danish economy is immediate by applying equation (3).
In order to quantify the effect of the elements of matrix on the impacts of consumption, we have simulated alternative bridge matrices ̃, which are assumed to be the specification of the true in a situation where it is not directly observable. Once different ̃ matrices are simulated, and keeping constant the figures on vector and matrix , we have calculated the vector of final private consumption by industry that would have obtained (̃) and the corresponding output by industry (̃) by means of the expression:
The elements ̃ are simulated from the true as:
Where ~(0, ). This implies that the elements in ̃ are assumed to deviate from the true elements with zero mean and a standard deviation that is proportional to the size of the original element . The scalar sets the scale of the standard deviation and is an indicator of the size of the deviations between the true cells and the ̃ actually applied in equation (4) when calculating the consumption impacts. Note that generating the ̃ elements as in (5) keeps unaltered the qualitative mapping between the industries and the products as it is on ; i.e., null elements generate null ̃ cells for matrix ̃ and only non-zero entries on produce non-zero entries on ̃. 5
In order to evaluate the effect of specifying a matrix ̃ that deviate from the true , we compare the values of the output generated by a constant vector of private consumption (̃) with that observed if the bridge matrix applied was ( ). In particular, we compute the percent relative deviation 100(̃− )⁄
for each industry = 1, … ,68 in the 2015 domestic Danish IO table. This comparison is made through 1,000 simulation draws. Tables 1, 2 and 3 summarize the results for different values of scalar .
<<Insert Table 1 about here>>  <<Insert Table 2 about here>>  <<Insert Table 3 
about here>>
The columns in these tables show the mean percent deviation, as well as indicators of their variability as the variance and the range between the minimum and maximum percent deviations through the simulations. The figures in the tables suggest a negligible average effect of misrepresentations on , which is not surprising given that the disturbance error is simulated to have a zero mean. More interesting, however, is the analysis of the indicators of variability. The results reported on these tables show how relative minor errors in the specification of the true bridge matrix can produce relatively large deviations on the output generated by private consumption. More specifically, even if the scalar is set to the minimum value considered in the experiments ( = 0.05), the error on the output estimated by an input-output model can be larger than ±7% for the "Oil refinery" or "Cultural Activities and Arts" industries, or more than ±10% for industries like "Water collection and supply" or "Sports activities, amusement and recreation".
For larger values of scalar the deviations between the true ( ) and the estimated output (̃) become, not surprisingly, larger and significant errors are also detected for many other industries. In summary, our results suggest that correct or wrong specifications of the bridge matrix can play a very relevant role on the quantification by means of inputoutput models of private consumption impacts.
Can we estimate B? Applying entropy econometrics with an empirical illustration
Once the relevance of a correct specification of the bridge matrix has been assessed, this section explores the possibilities of estimating its cells in a situation where the underlying true matrix is not made available to the researcher. Mathematically speaking, this is a general problem of matrix balancing, where the researchers needs to reconcile data on consumer expenditure survey with data on an IO database (Steen-Olsen et al., 2016) . In particular, we assume a situation where the vector of consumption ( ) from a household survey and the vector of final private consumption by industry in the IO table ( ) are both observable. Additionally, the researcher has some imperfect knowledge of the bridge matrix that links both vectors. 6 This approximate matrix is denoted as ̃, similarly to the previous section.
For proposing an estimation technique that exploits all the available information, we mainly base on the paper by Golan et al. (1994) . This paper presented a Cross Entropy (CE) procedure to estimate intersectoral flows from incomplete data or, more generally speaking, for a problem of matrix balancing with partial information. This technique bases on considering each column of the bridge matrix as a probability distributionnote that their cells are positive and summing up to one-to be estimated. Similarly, the cells on ̃ are considered as an initial probability distribution. Similar to RAS, the CE technique minimizes the Kullback-Leibler divergence between the target and the initial ̃, provided that the solution is consistent with the observable information -vectors and in our problem-. A constrained minimization problem is applied in order to find the solution to the CE estimator. The estimation problem can be posed as a minimization program like:
Subject to:
The CE program depicted above is known to produce the same solution as a RAS adjustment of the initial ̃ matrix given vectors and . However, while a RAS adjustment gives a "deterministic" solution, a CE solution makes possible doing some inference with the estimates, following Golan et al. (1994) . Once the target bridge matrix is estimated, the CE framework makes possible hypothesis testing, basing on the relationship between the objective functions of restricted and unrestricted CE problems.
be the Kullback-Leibler divergence evaluated at the solution of the optimization problem as in equations (7) to (9) and ( ,̃) be the same function where the solutions are restricted to fulfil additional constraints -an example with = 1 could be to test that a specific cell is equal to some arbitrary scalar-. Under some mild assumptions, (Golan et al., 2000, pp. 407-408) it is possible to obtain the following statistics:
To illustrate how the CE approach works, we use a real world case as illustration, making use again of the series of IO data published by Denmark Statistics. In particular, we will estimate the bridge matrix for the Danish economy on 2015 basing on the observable totals of household consumption by COICOP product ( ) and the vector of final private consumption reported on the IO tables ( ), both for 2015. The advantage of conducting this estimation exercise is that it allows for evaluating the accuracy of our estimates, since the true values of the target matrix are actually observable.
Regarding the specification of the initial matrix ̃, in our analysis we have considered two alternative scenarios. First, we have assumed a situation with minimal information about the plausible values on the entries of the target matrix , considering that the only available information to link household surveys with IO data is the qualitative correspondence between the COICOP and the CPA -or equivalent classification used on the IO tables for the economy of interest-. Note that this only allows for identifying those cells on for which we expect to have non-zero values, but we do not have any information about the plausible proportions. In such a case, all the columns on ̃ will behave as uniform probability distributions for the non-zero entries. With such an initial ̃, the CE problem is equivalent to the Maximum Entropy (ME) solution that minimizes the Kullback-Leibler divergence with respect to an initial uniform distribution.
Alternatively, we have also considered a case with more information at hand in the form of a more informative initial matrix. In particular, we have studied the case where ̃ is set as the bridge matrix released by Denmark Statistics for 2010, which is expected to be similar to the target matrix for 2015.
With these data at hand, we have solved a minimization program as the one depicted in equations (7) to (9) in both scenarios, getting estimates for the cells of the matrix , denoted as ̂. We have compared the ME and CE estimates with the true -but assumed as unobservable in the estimation exercisein order to measure the accuracy of our estimation. In particular, we have calculated as a deviation measure the Weighted Absolute Percentage Error (WAPE) for each industry included on , defined as:
This measure has been largely used when evaluating non-survey input-output techniques (Temurshoev et al., 2011) , since it averages the percentage error by weighting more the errors in larger cells (Oosterhaven et al., 2008) . Table 4 shows the figures of this indicator by industry on each one of the two scenarios considered.
<<Insert Table 4 
about here>>
The outcome of these empirical illustrations suggest that this estimation procedure, if the table taken as initial is expected to be similar to the target, can get relatively accurate estimates. The deviation figures where the initial ̃ matrix is similar to the true are, generally speaking, considerably lower than in a situation where our initial assumptions about the structure of are not informative. The results of our exercise highlight again the importance of having as much information as possible regarding the bridge matrices. One message would be that when conducting impact analysis of private consumption by IO models, if the statistical agencies do not publish series of official estimates of this matrix for the economy of interest, it is useful at least to have available other matricesfor previous periods or other economies-reasonably similar to the matrix that can be used for estimation purposes. Herrendorf et al. (2013) focus the attention on applying a consistent definition of commodities on both the household side when we estimate utility functions and the production side when we estimate production functions. Whereas in multisector models the sector classification is the same no matter which agent is using or producing themi.e. the three broad sectors agriculture, manufacturing and services are the same for the consumption and production side-, the data show a different reality.
Concluding remarks
The proper connection may have significant effects not only on the analysis of structural change but also in the comparison across studies However, there are several issues that makes the construction of multisector models from data far to be an obvious task, being the concordance of both data structures a challenge for the researcher. The process to solve this challenge requires the construction of a concordance or bridge. However, this bridge matrix should be estimated since national bridge matrices are not available for all countries or only partial information is offered it the best cases.
Although Herrendorf et al. (2013) made an important and essential contribution to modern economic literature focused on structural change literature, the specific intricate input-output relationships between both data structures remains an unsolved challenge.
Our paper fills this gap by: first, providing an assessment of the importance of the correct specification of the bridge matrix; second, providing a technique that allows to obtain such bridge matrix when the necessary detailed data is not available. 
Extras to be included
They highlighting the fact that in the case the utility function was estimated from final consumption expenditure data, the production function should captures all the inputoutput relationships at sector level or isolates the contribution of capital and labour to the production of final-expenditure categories. Obviously due to the difficulty of doing so, it is much easier to work directly with sectoral value-added production functions (Herrendorf et al. 2013 (Herrendorf et al. , 2755 
